In this paper, an adaptive two-stage linear Kalman filtering algorithm (Wu, Zhang, and Zhou, 2000) is used to estimate the loss of control effectiveness and the magnitude of low degree of stuck faults in a closed-loop nonlinear B747 aircraft. Control effectiveness factors and stuck magnitudes are used to quantify faults entering control systems through actuators. Pseudo random excitation inputs are used to help distinguish partial loss and stuck faults. The partial loss and stuck faults in the stabilizer are identified successfully.
INTRODUCTION
This paper reports some initial results on the simultaneous estimation of the states and parameterized faults injected into the actuators of a nonlinear model of the longitudinal motion of a Boeing 747 (Esteban and Balas, 2001 ), using a linear adaptive two-stage Kalman filter (Wu, Zhang, and Zhou 2000) . Fault parameterization in the design model of the linear estimator aims to capture the degree at which a control surface is stuck, and the extent at which the control effectiveness is lost. The estimates serve to support real-time assessment of post-failure flight envelope, in which a controlled aircraft can maintain stability and safe flight (Shin, Wu, and Zhang, 2007) .
Most existing work dealing with aircraft actuator faults focused on using the identified fault information to enable fault-tolerant control, however, without the consideration of maneuvering envelope protection.
Among very rare studies Vachtsevanos et al. (2005) considered the control role portrayed by mode transitioning, envelope protection, real-time adaptation, and fault detection/control reconfiguration algorithms which are intended to safeguard the linear or linearized by a fuzzy neural net unmanned aerial vehicle's integrity in the event of component failures, extreme operating conditions or external disturbances. A fault-tolerant control system architecture was designed to combat faults in the flight control actuators. The architecture assumed the following actuator model =max(min(k com +b,s_max),s_min) where faults can affect the actuator gain k:0<k<1, bias b, or saturation levels, s_min and s_max. Flight test results demonstrated that the fault tolerant architecture can accommodate stuck actuator malfunctions with k=0. Chen and Jiang (2005) have investigated a linear fault tolerant control system design technique by using an iterative learning observer when stuck actuator faults have occurred. This observer estimates both state information and stuck actuator values. The technique can accommodate multiple stuck actuators provided enough redundant actuators exist. Boskovic and Mehra (2001) presented a Failure Detection and Identification (FDI) and Adaptive Reconfigurable Control (ARC) scheme for accommodation of control effector failures such as lock-in-place and hard-over. The overall system consisting of on-line FDI observers for all control effectors guarantees asymptotic tracking, and ensures convergence of the failure-related parameter estimate to its true value. The scheme can identify rapidly and accurately different control effector failures like float, hard-over, lockin-place and loss of effectiveness. They used adaptive interacting multiple observers to estimate the actuator faults and tested the scheme on a linearized model of the Boeing's tailless advanced fighter aircraft. Jiang and Chowdhury (2005) developed a real-time fault estimation module to estimate the actuator effectiveness. They transformed the system into two separate subsystems. One subsystem is not affected by actuator faults. The states were estimated by a reduced order Kalman filter. They demonstrated the simulation results on a linear helicopter model. Hong and Wang (2007) studied an iterative LMI-based stuck actuator fault detection method without capability of isolating and identifying the faults. Wang and Lum (2007) have developed an adaptive unknown input observer approach to detect, isolate and identify the loss of effectiveness and stuck faults in the actuators. The approach is useful for linear systems, but the attempt to extension to nonlinear systems has not been successful (Wang, 2008) .
The two-stage Kalman filter of Keller and Darouach (1997) was applied to estimating simultaneously the state and the control effectiveness of a linear aircraft model in Wu, Zhang, and Zhou (2000) , which in addition introduced covariancedependent forgetting factors (Parkum, Poulsen, and Holst, 1992) into the filtering algorithm to expedite convergence of the fault parameter estimates. Thus the filter acquired the name adaptive two-stage Kalman filter (TSKF). The state and control effectiveness estimates with the adaptive TSKF approach have been utilized to help achieve fault-tolerant control of impaired linear aircraft model in a number of papers by the authors (Zhang and Jiang, 2002; and Shin, Wu, and Belcastro, 2004, for example) . This paper generalizes the design model for the linear adaptive TSKF of Wu, Zhang, and Zhou (2000) to include stuck faults in control surfaces. The approach is applied to state and parameter estimation for a B747 nonlinear aircraft model. In order to distinguish the stuck faults from the loss of control effectiveness, persistent excitations must be present. Our findings indicate that the adaptive TSKF can correctly estimate the aircraft states, as well as the parameters representing less severe faults near a trim point. The identification of the aerodynamic coefficients is not studied in this paper.
The paper is organized as follows. In Section 2, linear adaptive two-stage Kalman filtering (TSKF) algorithm is presented. Simulation results are given in Section 3. In conclusion, we summarize and give comments about the results.
(1) where and are the state, control input and output variables, respectively. The components
(3) of bias vector k describe percent reduction in control effectiveness when the terms
are considered together, where
and .
Estimator design model (1) is inherited from Equation (3) of Wu, Zhang, and Zhou (2000) , with a set of new bias components , 1,...,
added in this paper to denote the degrees at which control surfaces are stuck. A stuck fault is modelled by the combination of the following three terms (1)
We now summarize the cases the fault parameter values represented. Specifically, no-fault case is represented by 0 and 0 
control surface stuck at magnitude degrees is represented by 
0 i k
The linear adaptive TSKF of Wu et al. (2000) can be directly applied to estimate both k and k via generalizing
where
which model the stuck fault as well, in addition to the loss of control effectiveness fault originally considered in Wu et al. (2000) . Since ,
therefore, the entries of must vary and evolve in time independently (persistently excited) to allow the estimator to distinguish between (2000) is given in Appendix.
To make the two-stage filter algorithm more responsive to the changes of bias parameter, like the fault of parameters, following the idea in Parkum et al. (1992) , a bias covariance matrix related forgetting factor technique can be used. 
SIMULATION RESULTS

Model:
The adaptive TSKF is based on the longitudinal model of nonlinear B747 aircraft linearized around a trim point. The overall structure of the aircraft subject to actuator failures is given in Fig. 1 . The data corresponding to the states and control inputs were collected from a Simulink model of the closed-loop nonlinear B747 model provided by Shin et al. (2006) . The data were used in the TSKF algorithm coded in Matlab for a sampling time of 0.05 seconds. The same results were also obtained by on-line identification settings in Simulink. The actuator faults are assumed to occur symmetrically, i.e. right and left stabilizers, or right and left elevators are considered to move together.
Experiment 1: Stuck fault in stabilizer at 0.05 (rad) at 20 seconds.
Under the fault condition, simulation results for state and stuck fault estimation are shown in Fig.2 and Fig. 3 , respectively. In Fig. 2 , it can be seen that the states are estimated correctly before and after occurrence of the stuck fault in the stabilizer. ecomes -1, we can obtain the estimated stuck magnitude in the corresponding control channel.
The estimation error seems large, but in fact it is relatively small since the actual value for engine thrust in 41631 (N). On the other hand, stuck fault identification in the engine is not considered in this paper. Therefore, the estimation error in the engine thrust under the considered stuck magnitude is acceptable. In Fig. 4 , it can be seen that the states are estimated correctly before and after occurrence of the partial loss in the stabilizer. The operating point has not changed much. Since the significant effects of elevator to the dynamics of the B747, the operating point has considerably changed due to the stuck fault in elevator. The TSKF could not estimate the accurate stuck magnitude due to the deviation of the linearized model used in TSKF although the fault magnitude is small. However, satisfactory state estimates are obtained as shown in Fig. 6 . It is obvious that the trim point has changed after 20 seconds. The elevator stuck at trim has also been tested but the operating point has considerably changed again and the plant has become unstable. The filter is not successful in identifying stuck elevator faults. Therefore the controller should be redesigned to take care of instability. 
CONCLUSIONS
In this paper, an adaptive TSKF was modified for use to estimate the reduction of control effectiveness and the magnitude of stuck faults for a nonlinear B747 model. Some simulation results on fault parameter estimation performed on a nonlinear model of the longitudinal motion of the aircraft were presented. The linear adaptive TSKF is successful in identifying the magnitude of the stuck fault and the percentage of the partial loss in the stabilizer. Control inputs have been excited by a pseudo random noise such that successful estimation of stuck magnitudes and loss of effectiveness can be achieved for a limited linear region. The study showed that the linear TSKF is successful in identifying low degree stuck fault and partial loss in the stabilizer. However, the plant nonlinearity must be included in the design model of the filter to allow the parameters representing more severe faults can be correctly estimated. The authors will attempt to apply the extended TSKF to estimate effectiveness and stuck magnitude parameters for aircraft actuators, given that such extended filters have been successful in estimating parameterized sensor as well as component faults in a nonlinear marine vehicle models (Wu, Thavamani, Zhang, and Blanke, 2006) . It has been observed from the simulations that actuator dynamics play very important role in the identification of the parameters. The excitation and control signals need to be pre-filtered to be able to obtain accurate estimation results under the assumption that the TSKF does not have actuator model. It has also been observed that larger makes the convergence faster.
Q APPENDIX Bias-free state estimator where the filter residual vector and its covariance are given as 
